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Editor: OuyangWeiRiverflooding is a specificworldwide type offlooding responsible for considerable human andmaterial losses. An
extensive knowledge about flood conditioning factors and a diverse set of methodologies for flood susceptibility
evaluations are available, although there is still field for improvement regarding methodologies for small-scale
flood susceptibility assessment, particularly relevant in data-scarce contexts.
This research applied tomainland Portugal, introduces a multicriteria methodology to assess flood susceptibility
at national scale considering three flood-conditioning factors: flow accumulation, average slope angle and aver-
age relative permeability. These three factors resume other factors usually considered in literature, related to
morphology and potential runoff. Thiswork includes data from the flood conditioning factors considering the cu-
mulative role of the entire contributive area and not only the on-site characteristics. The weight of each factor
was assigned based on expert opinion and validated using available flood damages databases with N150 years
of records.
From the several tested flood susceptibility models, the one that best fits the historical records was chosen,
which corresponds also to a more valued role of flow accumulation factor. Results provide an accurate differen-
tiation of transboundary, regional and local rivers. The scores of stream flood susceptibility were later trans-
formed to a single value per each of the 278 municipalities of mainland Portugal. Representing the natural
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326 P.P. Santos et al. / Science of the Total Environment 667 (2019) 325–337planning instruments, exposure and vulnerability data along the respective floodplains, in order to identifywater
streams that require amore detailed and concerned future intervention and an exhaustive susceptibility study at
the local scale.
© 2019 Elsevier B.V. All rights reserved.1. Introduction
Decision-making processes require the continuous development of
methodologies able to produce valuable information about flood sus-
ceptibility, in order to support most efficient flood risk management
strategies. In this process, flood susceptibility assessment approaches
that combine different methodologies – geomorphological, historical,
hydrological and hydraulic – are particularly valuable (e.g. Benito
et al., 2004; Santos et al., 2011; Garrote et al., 2017; Wing et al., 2018),
as well as those that rely on high-resolution digital elevation models
(DEMs) (e.g. Vojtek and Vojteková, 2016) as a decisive factor to com-
pute flood-prone areas (Casas et al., 2006), regardless of procedures
that might contribute to reduce the need of such detailed DEMs
(Saksena and Merwade, 2015).
However, constraints on time and data availability – high-resolution
DEMs, permeability-related data, rainfall-runoff data or historical re-
cords, for example – or the need to assess flood hazard homogeneously
on large areas, prevent researchers from applying such complex and de-
tailed methods. In the so-called data scarce contexts, the application of
coupled methodologies is quite often not possible, requiring the search
for more expedite approaches (Hagen et al., 2010; Vahid et al., 2018).
On these approaches, the widespread of remote sensing-derived prod-
ucts (for elevation, rainfall, land use or permeability data, among
others) in recent years made possible the development of a diverse set
of multicriteria methods to assess flood susceptibility, with the capacity
of being applied to vast areas, at country or regional level. In the flood
susceptibility assessment, the identification and selection of flood con-
ditioning factors, their correlations andmulticollinearity are fundamen-
tal to retain only themore relevant and independent ones. Multicriteria
methods strongly rely on geomorphic and geomorphic-derived vari-
ables, but also uses other conditioning factors related to rainfall (annual
amount and intensity) and permeability (inferred from soil, geological
and land use data) (Kourgialas and Karatzas, 2011; Tehrany et al.,
2015; Vahid et al., 2018).
The set of available algorithms for assessing the role of each factor, or
class inside the factor, is diverse and includes, not exclusive to, support
vector machine (e.g. Tehrany et al., 2015), analytic hierarchical process
(e.g. Yang et al., 2013; Kazakis et al., 2015), weights-of-evidence
(Tehrany et al., 2014; Rahmati et al., 2016), frequency ratio (Lee et al.,
2012; Rahmati et al., 2016), fuzzy inference (Hong et al., 2018; Razavi
Termeh et al., 2018) or logistic regression (Pradhan, 2009). The use of
training and validation datasets of pastfloods iswidely used, evidencing
the relevance of adequately collecting and integrating flood historical
databases.
The scale of the study areas where multicriteria methods have been
applied is quite diverse. There are examples at the city level (Lee et al.,
2012), at the basin and district level (Manfreda et al., 2014; Kazakis
et al., 2015; Tehrany et al., 2015; Vahid et al., 2018), and at the province
and country-level (Rahmati et al., 2016; Cunha et al., 2017; Kourgialas
and Karatzas, 2017; Zhao et al., 2018).
In this context, themain objective of this research is to assess stream
flood susceptibility at the national level. In order to achieve this goal,
flood conditioning factors and their integration representing the pro-
pensity of the river network to generate floodswill be assessed. The ap-
plied method for assessing flood susceptibility performs the evaluation
of drainage area conditions for each point in the river basin. This is done
by considering the cumulative function of the conditioning factors (area
flow, slope and relative permeability). The innovative contribution of
this work is to provide a comparable nation-wide evaluation of streams'susceptibility to flooding, incorporating data from the entire contribu-
tive areas and not only from the on-site characteristics of streams. A
multicriteria approach to assess flood susceptibility was applied in
Portugal, at the local scale to a sub-basin of 979 km2 (Santos and Reis,
2018) and to the entire mainland Portugal (≈89,000 km2) by Jacinto
et al. (2015). However, this later national-scale study differs in two as-
pects from the presented research: it used two distinct flood condition-
ing factors— cost distance (based on the hydrographic network and the
slope) and flow number (CN) without considering thewhole contribut-
ing area of the transboundary rivers; and the goal to identify flood-
prone areas. Apart from these two methodologically close studies,
there is a research gap, not only in Portugal, regarding the evaluation
of the susceptibility of streams to flooding.
After assessing national susceptibility on a cell-by-cell basis, a mu-
nicipal representation of streamflood susceptibilitywas done, which al-
lows to hierarchize theflood susceptibility at the national level and tobe
cross-analyzed with exposure and vulnerability data in the support of
the definition of flood risk management strategies.2. Study area
The basins of themain rivers that drain into mainland Portugal have
their headwaters in Spain: Minho basin (17,080 km2), Douro basin
(97,478 km2), Tagus basin (80,500 km2) and the Guadiana basin
(67,000 km2) (Fig. 1). The river regime is determined by the pluvial re-
gime. The snow accumulation, although not dominant for the river re-
gime, may have some contribution to river flow, particularly on the
transboundary basins (e.g. Diéz-Herrero et al., 2013).
In mainland Portugal, elevation ranges from 0 to 1993 m a.s.l. The
morphology of the area extending north of the Tagus valley is domi-
nated by mountains, plateaus and incised valleys defined by steep
slopes. In contrast, vast plains and hilly relief generally mark the south-
ern half of the country. According to the Köppen-Geiger-Pohl climate
zones' classification, two main types of the Mediterranean climates
(Cs) are found in the country: Csb on the north and Csa, generally on
the southern part of the Portuguese territory. In terms of rainfall, Cs cli-
mates are defined by total rainfall lower than 40 mm on the driest
month (summer); and thewettestmonth is foundon thewinter season,
which records a total rainfall at least 3 times higher than in the driest
month. Up to 50% of the total rainfall on winter (D-J-F months) is due
to cyclonic and directional W and SW atmospheric rivers (Ramos
et al., 2014). During the summer months rainfall is usually associated
with N and E flows, although local factors such as relief and deep con-
vective depressions are relevant in conditioning the spatial variability
of intense rainfall events (Ramos et al., 2014). Rainfall amount in sum-
mer is residual, about 6% of the annual amount (de Lima et al., 2015).
According to the same study, spring and autumn rainfall is mainly due
to W circulation and cyclonic conditions. Spring and autumn months
are transitional months and total rainfall can vary significantly
(Gallego et al., 2011; Miranda et al., 2002; Trigo and Dacamara, 2000).
From the above context and according to the DISASTER database
(Zêzere et al., 2014), slow-onset floods are more frequent fromNovem-
ber to February, although it may also occur on spring and autumn. Flash
floods, however, may occur in any time of the year, although they are
more frequent during the autumn and winter. Some of the Portuguese
major cities with the highest resident population (e.g. Porto, Aveiro, Co-
imbra, Santarém, Lisbon and Setúbal) are bathed by the main rivers
(Fig. 1).
Fig. 1. Resident population (2011) per municipality in mainland Portugal (A) and elevation in Iberian Peninsula (B).
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Stream flood susceptibility was assessed following a multicriteria
analysis approach, in which the characterization of the river dynamics
along the drainage network is obtained by the iterative definition of
the weight of each conditioning factor (Reis, 2011).
Three stream flood conditioning factors were used: flow accumula-
tion, average slope angle and average inverse relative permeability
(Fig. 2). Although the objective of the research is to assess stream
flood susceptibility for mainland Portugal, conditioning factors were
collected for the entire contributing areas that drain to mainland
Portugal, considering the Spanish part of the transboundary basins.
This procedure is necessary because the cumulative role of the entire
drainage areas must be accounted for the definition of the local condi-
tions on downstream areas. Based on the DEM (see Section 3.1), each
terrain unit is represented by a cell of 3 arc-second size (≈86.5 m).
After applying the accumulation and average functions, the values of
the three flood conditioning factors were transformed into their natural
logarithms because the distribution of raw data was strongly asymmet-
ric, positively skewed, in particular in regard to the flow accumulation
and average slope. This extreme asymmetry was affecting the final sus-
ceptibility maps, after applying weights, to be scored equally on slopes
and streams, particularly on small and medium basins. The susceptibil-
ity scores result from the sum of weighted linear combinations of the
three conditioning factors (Kourgialas and Karatzas, 2011). The threemodels that resulted from the tested combination of weights were cor-
relatedwith damagingfloods historical records (cf. Section 3.4) in order
to support the selection of the bestmodel, which, after classification, re-
sults on the final map of stream flood susceptibility. The final output ex-
presses the susceptibility of streams to enter in flooding conditions,
i.e., a classification of the river network is obtained according to the ca-
pacity to generate floods (Reis, 2011). Finally, an average score of
stream flood susceptibility is calculated per municipality in order to hi-
erarchize the 278 municipalities of mainland Portugal.3.1. DEM derived data
3.1.1. Flow accumulation
Flow accumulation (Facc) was calculated from the Shuttle Radar To-
pographyMission (SRTM) DEM for the entire Iberian Peninsulawith a 3
arc-second resolution, downloaded from the CGIAR-CSI mirror service
(http://srtm.csi.cgiar.org/). Flow direction was calculated from the hy-
drologically corrected DEM. Finally, the flow accumulation function of
the ArcGIS Spatial Analyst® extension was used to obtain Facc, clipped
to mainland Portugal boundaries. The result range from 1 to
13,029,779 cells (each cell represents about 7482 m2, so the highest
value corresponds to 97,489 km2), to which the natural logarithm was
applied, resulting in a range from 0 to 16.38. In order to apply the
weights uniformly between the three conditioning factors, Facc values
Fig. 2. Methodological scheme for the national scale stream flood susceptibility
assessment.
Table 1
Dominant parent material classes and respective DPM scores.
DPM code DPM legend (3rd level) DPM score
0 No information 1











420 Acid regional metamorphic rocks 3
510 Marine and estuarine sands 8
520 Marine and estuarine clays and silts 1
531 River terrace sand or gravel 9
540 Fluvial clays, silts and loams 1
550 Lake deposits 1
720 Eolian sands 10
800 Organic materials 6
Table 2
Corine Land Cover classes and their effect score on infiltration.
Classes of Corine Land Cover 2012 LU effect score on infiltration
111 Continuous urban fabric 0.0
112 Discontinuous urban fabric 0.5
121 Industrial or commercial units 0.0
122 Road and rail networks and associated land 0.4
123 Port areas 0.0
124 Airports 0.4
131 Mineral extraction sites 1.0
132 Dump sites 0.0
133 Construction sites 0.3
141 Green urban areas 0.5
142 Sport and leisure facilities 0.2
2 Agricultural areas 1.0
3 Forest and semi natural areas 1.0
4 Wetlands 0.0
5 Water bodies 0.0
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0.61x, in which x represents the number of accumulated cells.
3.1.2. Average slope angle
Slope angle in degrees was calculated using the hydrologically
corrected SRTM-based DEM for the entire Iberian Peninsula in the GIS
extension ArcGIS Spatial Analyst®.Within the same GIS tool, flow accu-
mulation was ran using as input the previously obtained flow direction
raster dataset and using asweight factor of the slope angle raster dataset
(S), which results in the accumulated slope angle (Sacc). Average slope
angle (Savg) is obtained by dividing accumulated slope by flow accumu-
lation and clipping the raster dataset to mainland Portugal.
As performed with Facc, the natural logarithmwas applied to the av-
erage slope raster dataset, resulting in scores ranging from [−6.3, 3.7].
The final raster dataset of average slope angle (Savg) is the result of the
transformation of those scores to the interval [0, 10] using the linear
function y = x + 6.3.
3.2. Average inverse relative permeability
Relative permeability was estimated using three data sources: dom-
inant parent material (DPM), fine fraction of the topsoil (FFT) and land
use (LU).DPM and FFT express the natural permeability, while LU repre-
sents the effect of the land use coverage on infiltration. Initially, data
was prepared and processed on the perspective that high scores mean
high permeability. Only after obtaining a final score of relative perme-
ability the scores were inverted in order that higher values contribute
to higher flood susceptibility and vice-versa. All three input data cov-
ered the entire area of the transboundary basins that drain to mainland
Portugal.3.2.1. Dominant parent material
The third level of the dominant parent material (DPM) European-
level cartography was used. This data represents the lithological sub-
strate beneath the soil layer and is available at the European Soil Data
Centre (ESDAC) (Panagos et al., 2012), fromwhich a score of the relative
infiltration of DPM was assigned (minimum value is 1 and maximum
value is 10) (Table 1).3.2.2. Fine fraction of the topsoil
The fine fraction of the topsoil (FFT) was estimated based on the
LUCAS top soil characteristics (Ballabio et al., 2016) available at the
ESDAC of the European Commission's Joint Research Centre (Panagos
et al., 2012). This dataset is available as a raster datasetwith a resolution
of 500 m. The results considered that the percentage of fine fraction is
the sum of the total percentage of clay (b0.002 mm) and silt
(0.002–0.05 mm) and 5% of sand (0.05–2.0 mm). This sum is then di-
vided by the total soil composition (clay, silt, sand and coarse material
(N2 mm)), resulting in a proportion of fine fraction ranging from 0 to
1. These values were classified in 10 classes of equal intervals ranging
between 1 and 10 (e.g. FFT between 0 and 0.1 is classified as 1) to
keep the consistency of the classification between 0 and 10 used on
the other flood susceptibility conditioning factors. Inverse distance
weight (IDW) interpolation was applied to the points extracted from
the classified FFT raster dataset in order to resize the original resolution
329P.P. Santos et al. / Science of the Total Environment 667 (2019) 325–337tomatch the 3 arc-second resolution used on the other conditioning fac-
tors, built with the SRTM-based DEM.
3.2.3. Land use
The Corine Land Cover 2012 (CLC2012) dataset (EEA, 2012) was
used to estimate the effect of land use (LU) on the soil and lithological
permeability. The scores assigned to LU classes represent the fraction
– between 0 and 1 – of the available rainfall to runoff on each
CLC2012 class (Table 2). A score of 0 is applied to impervious areas
and means the highest availability of rainwater to runoff. Where land
use is not interfering with natural infiltration a score of 1 is assigned.
3.2.4. Relative permeability
After obtaining the three input data (Fig. 3) used to describe relative
permeability (Prel) – dominant parent material (DPM), fine fraction of
the topsoil (FFT) and land use (LU) – the respective raster datasets
were combined as described on Eq. (1):
Prel ¼
DPM þ FFTð Þ
2
∙LU ð1Þ
Secondly, Prelinv was calculated by inverting the scores of Prel so that
higher values correspond to higher contribution to increase flood
susceptibility.
Similarly, to the other flood conditioning factors, the flow accumula-
tion tool of theArcGIS Spatial Analyst®extensionwas used to obtain the
accumulated inverse relative permeability, in which flow direction is
used as input data and the inverse relative permeability (Prelinv) as the
weight factor (Prel_invacc). The scores were divided by Facc to obtain
the average inverse relative permeability (Prel_invavg). The natural log-
arithm was applied to these scores in order to obtain new values rang-
ing from [−1.2, 2.3] which were transformed to the interval [0, 10]
using the linear function y = 2.9x + 3.4.
3.3. Historical flood databases
Historical flood databases such as the DISASTER database (Zêzere
et al., 2014) and otherflooddocumental databases, bothbased onnews-
papers (Santos et al., 2018; Santos and Reis, 2018) were used to select
the best combination of flood conditioning factors' weights and to fur-
ther validate the flood susceptibility model at the stream network. In
Portugal, there is a lack of consistent flood databases in spatial and tem-
poral terms in the southern region of the country, which prevented the
selection of this region for validation purposes.Fig. 3. Scores assigned to the three input data used on the assessment of relative permeabIn both databases, those flood cases classified as ‘urban floods’ or
‘other type of floods’ were excluded from this analysis. Also, only flood
cases with georeferencing accuracy were used (e.g. based on the exact
coordinates, approximated by toponymy or by descriptions and
morphology).
The DISASTER database includes 932 flood DISASTER cases that gen-
eratedhuman losses (1 ormore casualties,missing, injured, displaced or
evacuated persons), in mainland Portugal, for the period 1865–2015.
The other flood documental databases complement the DISASTER data-
base by adding the flood cases in which only minor losses are reported
(i.e., not the human-type losses described in regard to the DISASTER da-
tabase). This database of minor flood cases was compiled for specific
study areas (Fig. 4). The North flood database (Santos et al., 2018), in-
cludes 1301 flood cases (319 of them from the DISASTER database) for
the period 1865–2016. Two subsets were selected from the North data-
base, corresponding to the Lima and the Tâmega River basins. The Lima
River basin, located in a granitic area, includes 147 flood cases (22 of
them from the DISASTER database). The Tâmega River basin is located
in a predominant metasedimentary and granitic geological context
and includes 114 flood cases (28 of them from DISASTER database). In
the Central region of Portugal, another river basin flood database was
used, the Águeda River basin (Santos and Reis, 2018), which is located
in a geological transition between schists and greywackes of the Hespe-
rian Massif (East) and the detrital formations of the Mesocenozoic
(West), including 322 flood cases (16 of them from the DISASTER data-
base) for the period 1935–2010.
At the national level, the distribution of damaging flood cases is
clearly associated with the major rivers' floodplains and of the urban
settlements' location (mainly, the largest cities of Porto, Coimbra and
Lisbon) (Fig. 4A). Themajority of the sparsely distributed points located
south of the Tagus River are flood cases caused by flash floods. On the
North, the distribution of flood cases follows generally that same pat-
tern: a concentration of flood cases along the major river (the Douro)
and on the low-lying and more urbanized areas, that are located gener-
ally on a stretch of 50 km from the shoreline.
On the Limabasin,flood cases concentrate along themajor andhom-
onymous river, particularly on the last 50 km of its course to the sea
(downstream of the city of Ponte de Lima), although some flood cases
are also found on the upper sectors of minor streams. On the Tâmega
basin, flood cases concentrate on two sectors: an upper sector near
the city of Chaves; and a lower sector, along a reach of 30 km length be-
tween the city of Amarante and the downstream confluence with the
Douro River. As mentioned, the Águeda basin presents two distinct hy-
drological features. The eastern sector of the basin, less populated but
more impervious, generates flooding on the low-lying agriculturalility: dominant parent material (A), fine fraction of the topsoil (B) and land use (C).
Fig. 4. Historical flood records of Disaster and North databases (A), and Lima (B), Tâmega (C) and Águeda (D) basins.
330 P.P. Santos et al. / Science of the Total Environment 667 (2019) 325–337areas and the city of Águeda. The western sector, more urbanized,
causes floods of minor consequences but more evenly distributed
throughout the sub-basin's area, even near the headwaters, which
does not occur on the eastern sector (Fig. 4D).
3.4. Factor weighting and model validation
The final index of stream flood susceptibility (SFS) was computed as
follows (Eq. (2)):
SFS ¼ Facc wFacc þ Savg wSavg þ Prel invavg wPrel invavg ð2Þ
Based on previous applications of this methodological approach in
weighting flood conditioning factors through this methodology (Jacinto
et al., 2014; Santos and Reis, 2018), the following three models were
tested at the national scale:
1) Model A, with wFacc = 0.75, wSavg = 0.15 and wPrel_inv_avg = 0.10;
2) Model B, with wFacc = 0.80, wSavg = 0.10 and wPrel_inv_avg = 0.10;
3) Model C, with wFacc = 0.85, wSavg = 0.10 and wPrel_inv_avg = 0.05.
The SFS scores range between 0 and10. Values lower than 5were ex-
cluded since they represent slopes, hilltops and small streams, where
the physical conditions for flooding are quite low or inexistent. The re-
maining scores of the different models were classified equally in 5 clas-
ses: very low (VL, [5, 6]), low (L, [6, 7]), moderate (M, [7, 8]), high (H, [8,
9]) and very high (VH, [9, 10]) to allow the comparison of models'
results.
Since the models classify the stream network susceptibility, the val-
idation points from the historical flood databases were associated to thenearest streamline resulting from each model, instead of being associ-
ated to the value of the cell where are positioned. A spatial join between
the SFS scores classified in 5 equal classes of eachmodel and thedatasets
of flood cases (mainland Portugal, North and the three considered ba-
sins) was performed in ArcGIS® in order to obtain the nearest SFS
class of each flood case.
The similarity between the spatial patterns of SFS in each of the three
modelswas evaluatedwith the Kappa statistics, using theMap Compar-
ison Kit software (MCK) (Visser and De Nijs, 2006). The MCK calculates
the Kappa statistic (Cohen, 1960), a measure of similarity between two
data sets or maps, representing the degree at which two distributions
are equality located (Kappa location) or distributed (Kappa histogram),
thus ranging from 0 to 1, where 1 means absolute similarity and 0 no
spatial agreement. The Kappa index combines the two metrics by their
product. According to Landis and Koch (1977), the spatial agreement
expressed by the Kappa index can be interpreted as follows: poor
(b0), slight (0–0.20), fair (0.21–0.40),moderate (0.41–0.60), substantial
(0.61–0.80), and almost perfect (0.81–1.00).
Pearson correlation coefficients were calculated between the
i) number of cells in each SFS class correlated with the number of
flood cases per cell (P1) and ii) class of SFS (from very low to very
high) correlated with the number of flood cases per cell in each SFS
class (P2). For P1-type correlation coefficients, the more negative the
correlation the better the model: in fact, the strongest association be-
tween flood occurrences and susceptibility occurs when high densities
of flood cases occur in a small number of cells of high susceptibility.
For P2-type coefficient correlations, the more positive the correlation
the better themodel because the highest densities of flood cases are ex-
pected to occur on the highest susceptibility classes. The correlations
were calculated for the entire mainland Portugal (using only
Table 3
Kappa statistics for the paired-comparison for the three models of SFS (model A, B and C).















Model A versus model B
Kappa location 1 0.93639 0.97067 0.9052 1
Kappa histogram 0.88515 0.88817 0.93807 0.97191 1
Kappa index 0.88515 0.83168 0.91056 0.87977 1
Model B versus model C
Kappa location 0.9968 0.94498 0.97783 1 1
Kappa histogram 0.89657 0.89573 0.95940 0.94766 1
Kappa index 0.8937 0.84645 0.93812 0.94766 1
Model A versus model C
Kappa location 0.99879 0.86405 0.94684 0.89461 1
Kappa histogram 0.76853 0.77863 0.89658 0.91961 1
Kappa index 0.76760 0.67278 0.84892 0.82268 1
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(North, Lima River basin, Tâmega River basin and Águeda River basin).
The model selected as expressing stream flood susceptibility was the
model that presented the strongest P1 and P2-type correlation coeffi-
cients on the study areas used for validation.
3.5. Municipal stream flood susceptibility and municipal risk profiles
Finally, an average value of SFS for each of the 278 municipalities in
mainland Portugal was calculated using the SFS scores of the selected
model. The same interval classes of the SFS were used. A cross-analysis
of the average SFS and the historical DISASTER flood cases led to the def-
inition of municipal profiles of flood risk in order to support decision-
making in flood risk management.
4. Results
4.1. Stream flood conditioning factors and stream flood susceptibility
models
Flow accumulation (Facc), average slope angle (Savg) and the average
inverse relative permeability (Prel_invavg) for mainland Portugal, line-
arly transformed to the interval [0, 10] are presented on Fig. 5. Highest
values of Facc are found along the major transboundary rivers (Douro,
Tagus and Guadiana) since this factor is intrinsically related to the ba-
sins' area. Savg is lower on floodplains, sand dunes and, generally,
south of the Tagus River. Prel_invavg is higher on the areas where occurs
an overlay of alluvial deposits, metamorphic and eruptive rocks, with
high percentage of fine fraction soils, overlaid with artificialized areas.
On the other hand, the relative permeability is higher on the low-lying
sedimentary formations of the Vouga, Mondego, Tagus and Sado basins.
Since the method aims at assessing the susceptibility of streams to the
occurrence of flooding, the highest values of Savg are associated with
higher SFS due to the reduced concentration time or the reduced flow
velocity along the basin (Fig. 5B).
In general, models B and C present the higher similarities as
expressed by the Kappa index (Table 4). Between these twomodels, ab-
solute similarity (Kappa= 1) is found on the high and very high classes
of SFS regarding Kappa location. Models B and C keep the average slope
weight as 0.1, reducing the weight of permeability and increasing the
weight of flow accumulation. Accordingly, models A and C present
themselves as the less similar in all the SFS classes in both Kappa loca-
tion, histogram and index (Table 3).Fig. 5. Stream flood susceptibility conditioning factors: flow accumulation (AThe resume and dynamic changes of SFS values betweenmodels are
demonstrated on Fig. 6. The highest change in classification occurs from
model A to model C, from the low SFS on the former, to very low SFS on
the later (23,912 cells), meaning that decreasing the role of slope angle
and relative permeability results in a reduction on the SFS value. The
same pattern is verified on the changes from very low SFS to “no data”
(i.e., values below to 5) that can be observed in Fig. 6A by the reduction
of the number of cells with very low SFS. The opposite situation – a
change from very low to low SFS – is almost residual, occurring in only
144 cells from model B to model C and in 48 cells from model A to
model C. An aggravation of SFS is observable from the moderate to the
high class in a small number of cells, particularly from models A to B
and A to C (Fig. 6B), whichmerits future analysis in order to understand
the particular context in which such aggravation occurs.
The cartographic representation of the SFS scores obtained on the
three models confirms the evidenced trend expressed on Fig. 6. From
model A to model C, a reduction on SFS class and even its exclusion
(for scores b5) is observed, for example, in the right-bottom corner of
both Fig. 7A1 and B1 (a change of the SFS class from moderate to low).
On the right-upper corner of Fig. 7A1 (in contrast with Fig. 7B1 and
C1), a reduction from low to very low SFS and the elimination of small
tributaries is also observed.
The visual comparison between models' results allows to conclude
that model C (weighting 0.85 to Facc, 0.1 to Savg and 0.05 to Prel_invavg)
performs a filtering effect removing from the classification streams), average slope angle (B) and average inverse relative permeability (C).
Fig. 6. Changes in stream flood susceptibility between models A, B and C: no. of cells in each SFS class (A) and no. of cells the observed a change in class (B).
332 P.P. Santos et al. / Science of the Total Environment 667 (2019) 325–337that do not have a historical record of flood cases (cf. Fig. 7C1, bottom-
left corner). This effect is not evident when all-type flood cases
are used (Fig. 7A2, B2 and C2) since this database of flood cases
(including human and material consequences) presents higher
quantity and geographical dispersion in comparison to the DISASTER
flood cases.
A quantification of the association between SFS scores and the his-
torical flood recordswas performed through the calculation of the Pear-
son correlation coefficients (Table 4). P1 tending to−1 means that in a
smaller number of cells with the highest susceptibility a higher density
of flood cases is found. The opposite interpretation is valid for the corre-
lations of type P2: positive Pearson coefficients mean that the highest
densities of flood cases are associated with the highest susceptibility
classes. The correlations were calculated for the three models of SFS in
each of the validation areas — mainland Portugal (using onlyFig. 7. Classes of SFS according tomodels A, B and C near the Douro Rivermouth (A1, B1 and C1)DISASTER flood cases), and the North, Lima River basin, Tâmega River
basin and Águeda River basin (here, both DISASTER and minor flood
cases were used).
Analyzing Table 4, it is observed that model C performs better than
the others in three of the five validation areas regarding P1-type corre-
lations and in two out of five regarding P2-type correlations.
Theweights' combination applied inmodel C result in a reduction of
the classified streams (cf. Fig. 6A), i.e., SFS scores are in general lower on
model C than in the othermodels. This causes the eliminationof streams
with low susceptibility (as evidenced on Fig. 7C1) explaining the higher
Pearson coefficient correlation of model C in mainland Portugal
(−0.6687). In this case, the density of flood cases per cell in the higher
SFS classes (high and very high) is higher on model C than in the other
models, while the number of cells on that same SFS classes is lower. This
results in stronger negative correlations in P1.and on the Águeda River basin (A2, B2 and C2). See location of each of these plots in Fig. 3.
Table 4
Pearson correlation coefficients between validation areas and the SFS models A, B and C.
Pearson correlations Models Mainland Portugal North Lima River basin Tâmega River basin Águeda River basin
P1 — number of cells in each SFS class correlated with the
number of flood cases per cell
Model A −0.6402 −0.5962 −0.6725 −0.7597 −0.85228
Model B −0.6400 −0.6151 −0.5753 −0.7260 −0.90544
Model C −0.6687 −0.6729 −0.3845 −0.6965 −0.99609
P2 — class of SFS, from 1 (very low) to 5 (very high) correlated
with the number of flood cases per cell in each SFS class
Model A 0.9131 0.8647 0.9482 0.9387 0.86278
Model B 0.9094 0.8807 0.9586 0.8953 0.9315
Model C 0.9098 0.9249 0.9205 0.8154 0.99690
Note: highest correlation coefficients in each validation area are presented in bold.
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the correlation of type P2 in mainland Portugal (0.9131). Since the
DISASTER database is the only one that covers the entire mainland
Portugal, thus allowing a model validation to the entire study area, the
decision on the best model should consider more the mainland
Portugal validation area than the others. This would exclude model B.
The correlation coefficients on the remaining validation areas – North,
Lima, Tâmega and Águeda basins – show thatmodel C performs slightly
better than model A, and that both P1 and P2-type correlations are sig-
nificantly stronger on the Águeda basin's validation area. These consid-
erations supported the selection of model C as the best model validated
according to the geographical distribution of the historical flood cases.Fig. 8. Average flood susceptibility by municipality, according to SFS obtained from4.2. Municipal stream flood susceptibility
As concluded on the previous section, the SFSmodel Cwas chosen
to evaluate the municipal SFS in mainland Portugal. The average
value of the SFS scores was computed for each municipality (Fig. 8).
Higher averages of SFS are found on municipalities crossed by
transboundary rivers, particularly the Douro, Tagus and Guadiana
rivers. Some coastal municipalities located at the mouth of Portu-
guese river basins, particularly between the Minho and the Douro
rivers, are also classified on the highest SFS quantile (scores between
6.67 and 8.86). The lower classes of average SFS bymunicipality – e.g.
the lowest six quantiles – express local differences that should bemodel C. Classification in 10 classes of equal number of individuals (quantiles).
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morphologic characteristics of the respective watersheds.
The DISASTER flood cases can be included on a cross-analysis
with the average SFS by municipality because the source database
covers the entire territory of mainland Portugal in a systematic pro-
cess. A scatter-plot between the two variables (Fig. 9) represents the
geographical particularities of susceptibility and past flood disasters,
contributing to the definition of the municipal profiles of flood risk.
Fig. 9 shows that there are territorial contexts of flood losses where
it should not be expected considering the average SFS (exemplified
by Loures, Oeiras, Sintra and Odivelas municipalities), as well as
there are contexts of high SFS with absence or a small number
of DISASTER cases (exemplified by Mourão or V.R.S. António
municipalities).
The record of DISASTER flood cases by municipality was classified in
4 classes and crossed with the classes of municipal average SFS as a 2-
entry matrix, as presented on Table 5.
The 2-entry matrix defines 5 profiles of municipalities, described
in Table 5, ranging from the safest A profile – with absence of
DISASTER flood cases and SFS classes of very low and low – to the
most severe profile E with 10 or more cases and SFS classes of
moderate, high and very high (cf. with Fig. 10). Results show that
there are 7 municipalities with low average SFS but presenting a
high number of DISASTER flood cases (4 municipalities with 10 to
19 cases and 3 municipalities with N20 cases), which should deserve
amajor concern from policymakers and risk practitioners as they ex-
press situations of high exposure and/or high vulnerability. It should
be reminded that DISASTER cases demand the record of one or more
casualties, missing, injured, displaced or evacuated persons. In the
opposite context, it is noted that two municipalities are classified
with moderate and high average SFS on model C but they do not reg-
ister DISASTER flood cases. The territorial factors that justify such
flood safety on the two municipalities are also relevant for flood
risk management.Fig. 9. Average SFS per municipality and t5. Discussion
5.1. Advantages and disadvantages of the SFS methodological approach
The use of multicriteria approaches to assess flood susceptibility is
widely disseminated because of a) the new computational possibilities
enables the use of diverse geographical datasets and training algorithms
and b) their ability to produce cost-effective cartography to large areas
(regional and national scales) and simultaneously maintaining the con-
sistency and spatial homogeneity of the method's application.
A wide range of flood conditioning factors can be used for stream
flood susceptibility assessment. The SFS approach used three factors ap-
plying them the same cumulative and average functions. Eventually, the
use of other factors would evidence a significant redundancy as most of
the factors depend either on flow accumulation (basin's area and river
hierarchy, among others) or on permeability (i.e., drainage density,
land use or rainfall-runoff ratio).
It should be noted that there is not a standard and universal
weighting that might be applied to all the study areas or basins. The re-
sults herein presented showed that the best combination offlood condi-
tioning factors for mainland Portugal was not the one that best
performed on some of the basins where validation was conducted.
All the flood conditioning factors are considered to be constant in
time, with the exception of land use from the CLC2012. Quite often,
the use of long historical flood databases along with the use of current
datasets expressing land use characteristics is pointed out as aweakness
to models because the past flood events' conditions might not corre-
spond to the current conditions. If this is partly correct, one cannot ig-
nore too that the presented method represents a natural susceptibility
to flooding, in which land use is applied only as a component that influ-
ences the natural permeability evaluated from parent dominant mate-
rial and the fine fraction of the topsoil. Relative permeability is also
the factor that receives the smallest weight. Moreover, the SFS scores
express a long-term predisposition to flooding.he number of DISASTER flood cases.
Table 5
Classes of average SFS permunicipality and classes of DISASTER cases permunicipality. Colors identifymunicipal profiles of flood risk: profile A (dark green), profile B (light green), profile
C (orange), profile D (light red) and profile E (dark red).
Classes of average 
SFS per municipality
Classes of DISASTER flood cases per municipality
1 — 0 cases 2 — 1 to 9 
cases
3 — 10 to 19 
cases




Very low [5.24, 6] 64 78 4 3 149
Low [6, 7] 39 66 8 5 118
Moderate [7, 8] 1 6 1 1 9
High [8, 9] 1 1 0 0 2
Very high [9, 10] 0 0 0 0 0
No. of municipalities 105 151 13 9 278
335P.P. Santos et al. / Science of the Total Environment 667 (2019) 325–337Another issue regarding databases of historical flood cases and its
use to validate susceptibility models is that the geographical distribu-
tion of flood cases is strongly influenced by the location and exposure
of human settlements to river flooding, causing a higher concentration
of flood cases near to streams that are not necessarily the moreFig. 10.Municipal flosusceptible to generate flooding. The low coverage of such databases
in more remote areas must be considered.
Susceptibility assessments which intent the definition of flood-
prone areas encounter an additional challenge in using historical flood
records for validation: very often, flooded areas in the low probabilityod risk profiles.
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on a given cell may already be expressing the context of the basis of the
slope (higher slopes, non-alluvial soils, etc.), thus inducing in error the
assignment of weights to the conditioning factors. The SFS approach
does not suffer from this drawback since flood locations – whether lo-
cated on the streamline whether located at the border of the floodplain
– are accounted for validating the susceptibility of that same streamline.
However in the presented study, it was not possible to use validation
areas from the southern region of mainland Portugal due to the lack of
an inventory of flood cases with only material consequences (like it
was possible to be done on the Lima, Tâmega and Águeda basins as
well as on the North region). This implied that the evaluated correla-
tions were expressing only specific geographical contexts found on
the northern and central regions of mainland Portugal.
5.2. Applications of SFS knowledge in flood risk management
The cell-by-cell assessment of SFS and the aggregatedmunicipal risk
profiles have distinct applications in flood risk management.
The municipal flood risk profiles identify the contexts of flood sus-
ceptibility and losses in support of strategic decision-making in flood
risk management. The following five profiles were defined (Fig. 10):
– Profile A: the group of 103 municipalities on this profile represents
the safest context in terms of flood risk, this means, low SFS coincid-
ingwith the absence of DISASTERflood cases. Predominately hilltop-
municipalities or coastal lowland municipalities with local streams
constitute the majority of municipalities with this profile, as Sines
(cf. Fig. 8);
– Profile B: the 144 municipalities of this profile present the same SFS
conditions and a minor report of flood cases (1 to 9), such as
Lourinhã (6 cases) or Almada (3 cases), explainedmore by the expo-
sure conditions than by the natural flooding predisposition;
– Profile C: this group only includes 9 municipalities, however, with
two distinct contexts: one with moderate and high SFS but no
DISASTER flood cases (Mourão and V.R.S. António, respectively)
and other in which the urban sprawl and exposure are responsible
for the high number of cases (10 or more), regardless of a very low
SFS (for example, Oeiras, Odivelas, Loures, Chaves or Maia) (cf.
Fig. 9 and Fig. 10);
– Profile D: excluding profile E, the profile D represents the more
concerning susceptibility and losses contexts. Two groups are pres-
ent: a groupof 13with low SFS if thenational scale is considered (av-
erage SFS ≥ 6 and b 7) but with 10 or more flood cases (this first
group is heterogeneous and includes municipalities from Portu-
guese and international basins, such as Águeda, Cartaxo, Santarém,
Porto or Coimbra); a second group of 7 municipalities, all associated
whether to the Douro basin (e.g. Gondomar) or to the Tagus basin
(e.g. Constância, and Golegã), with moderate and high SFS but only
1 to 9 flood cases;
– Profile E: the two municipalities of this profile (V.N. Barquinha and
V.F. Xira) partly occupy the Tagus floodplain although the average
SFS is only of 7,6 and 7,2, respectively (moderate SFS), but they pres-
ent a historical record of disastrousfloods (particularly V.F. Xirawith
42 flood cases).
The cell-by-cell results are valuable in other, more detailed, applica-
tions in flood risk management. When crossed with historical records
and exposure data, the SFS results have the ability to identify priority
reaches of the river network to benefit from early warning systems, ad-
ditional land use regulations, local engineering mitigation structures
and have the ability to be applied in support of urban development
plans (e.g. Bathrellos et al., 2017) and multi-level integrated spatial
planning systems (e.g. Ran and Nedovic-Budic, 2016). The SFS data
can be used in the production of comparable results for basins withsimilar areas; themodeling of permeability condition changes – caused,
for example, by land use changes – and its effect on SFS; the identifica-
tion of naturally priority areas of higher susceptibility for the application
of hydrologic and hydraulic (1D or 2D) modeling at the local scale.
6. Conclusions
The presented methodology assesses the predisposing flood condi-
tions at the national scale based on three types of data: flow accumula-
tion, slope angle and relative permeability. Validation through the
correlation of susceptibility with historical records highlights the rele-
vance of the existence of long flood databases, independently of the dy-
namics of exposure and land use. Regardless the limitations on the use
of historical flood databases in method's validation, it proved to be un-
doubtedly useful on the understanding of fluvial and exposure geo-
graphical contexts in which flood losses take place, when analyzed
along with flood susceptibility data, and producing municipal profiles
of flood risk.
These are the main achievements of this research:
– The definition of a methodology which provides a comparable
nation-wide evaluation of streams' susceptibility to flooding, incor-
porating data from the entire contributive areas and not only from
the on-site characteristics of streams.
– The identification of areas of natural susceptibility not conditioned
by the existence of a historical record of losses, often biased by expo-
sure and vulnerability. In fact, in a preventive logic of risk manage-
ment, it is not only important to consider the areas with an
historical record of flood losses — like it is done in the implementa-
tion of the Flood's Directive, as also to prevent the urban develop-
ment in the more susceptible areas.
– Thedefinition of amunicipal indexwhich allows to rank and to iden-
tify the administrative units with higher priority for the allocation of
prevention and mitigation resources – like flood monitoring and
early warning systems – as well as for an adequate emergency re-
sponse according to the predominant type of impacts.
The future research includes the use of the cumulative function in a
wider set of factors – drainage density, elevation, land use, rainfall and
other morphological or hydrographical indexes. If applied to basins –
not administrative areas – of similar area, the methodological approach
will be able to isolate to role of each factor in defining the stream's flood
susceptibility. Ultimately, such factors are related to the factors applied
on the presented study, although this too requires testing.
Another aspect to consider in future research is the application of the
SFSmethodology to help respond to the question ofwhere ismore prob-
able to testify the beginning of river overbanking, this means, the
starting point offlooding along a streamline. In fact,mostmethods iden-
tify the areas to which a flood may accumulate and expand. The SFS ap-
proach has the ability to differentiate streams with the same
contributing area, based on other conditioning factors which may be
correlated to the floodplain's morphology.
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